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SYSTEMS AND METHODS FOR
MULTI-MODAL MULTI-DIMENSIONAL
IMAGE REGISTRATION

CROSS REFERENCE TO RELATED
APPLICATION(S)

This application claims the priority benefit of U.S. Pro-

visional Patent Application No. 63/316,096, filed Mar. 3,
2022, which 1s incorporated by reference as 1t disclosed

herein 1n 1ts entirety.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH AND
DEVELOPMENT

The present invention was made with government support
under Grant No. EBO28001 awarded by the National Insti-
tutes of Health. The government has certain rights in the
invention.

FIELD

The present technology relates generally to the field of
image registration, and more particularly, to end-to-end
machine learning based multi-modal multi-dimensional
image registration.

BACKGROUND

An 1mage-guided intervention uses computerized algo-
rithms to provide virtual guidance to physicians to precisely
reach and treat their targets 1n a clinical procedure. Physi-
cians need to use more than one complimentary imaging
modalities to achieve their climical goals in many applica-
tions. For example, the fusion of magnetic resonance 1mag-
ing (“MRI”) and transrectal ultrasound (“TRUS”) for guid-
ing targeted prostate biopsies has led to improving the
biopsy yield by more than 30%. Liver cancer interventions
often use computed tomography (*“C'1”") fusion with ultra-
sound 1maging to provide real-time guidance to deliver
treatment. In such applications, 1mage registration 1s a
critical technical component to achieve the desired clinical
goals. The value of fusion guided procedures vanishes it the
quality of 1mage registration degrades.

Registration of multi-modal images 1s a very challenging
problem. In the above examples, the fusion between MRI
and ultrasound images 1s required. However, similar ana-
tomical structures could have significantly diflerent intensi-
ties, textures, and levels of detail in these two imaging
modalities. Existing technologies attempt to find the ana-
tomical correspondence between imaging modalities via
deep neural networks centered around convolutional layers,
a structure sensitive to intensity and texture differences.
However, such existing technologies involve complex neu-
ral networks that are ineflicient and result 1n high levels of
CITor.

The dimensionality difference further complicates the
problem. In the above examples, ultrasound 1maging typi-
cally acquires two-dimensional (*21D””) images, but the other
preoperative diagnostic imaging modalities like MRI and
CT generate three-dimensional (*3D”) images. Fusing 2D
ultrasound 1mages with 3D MRI or CT images requires
multi-modal multi-dimensional 1mage registration. Existing,
technology deals with such difliculties using external hard-
ware tracking systems, such as electromagnetic tracking or
optical tracking.
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Currently available 2D/3D 1mage registration techniques,
sometimes referred to as slice-to-volume registration meth-
ods, iteratively optimize a similarity metric by adjusting a
transformation to align the mput images. Such methods
require manually defining a similarity metric for optimiza-
tion. Because of the nature of iterative optimization, their
elliciencies are low and thus are not suitable for intra-
procedural interventional use.

Thus, a need exists for improved systems and methods of
end-to-end multi-modal multi-dimensional 1mage registra-
tion that address at least the problems described above.

SUMMARY

According to an embodiment of the present technology, a
method of multi-modal 1image registration 1s provided. The
method 1ncludes receiving as mput a fixed 1image from a first
imaging device, receiving as mput a moving image from a
second 1maging device, performing feature extraction on the
fixed 1image via a first feature extractor to generate a fixed
image feature map, performing feature extraction on the
moving image via second feature extractor to generate a
moving 1image feature map, performing cross-modal atten-
tion on the fixed image feature map and the moving image
feature map to generate cross-modal feature attention data,
performing deep registration on the cross-modal feature
attention data via a deep registrator, and outputting a multi-
modal registered image.

In some embodiments, the first imaging device i1s a
magnetic resonance 1maging (“MRI”) device, and the fixed
image 1s an MRI volume of a subject.

In some embodiments, the second imaging device 1s an
ultrasound device, and the moving image 1s a transrectal
ultrasound volume of a subject.

In some embodiments, performing the cross-modal atten-
tion includes mputting the fixed image feature map as a
primary 1put mto a first cross-modal attention block and
inputting the moving 1mage feature map as a cross-modal
input mnto the first cross-modal attention block to generate a
first cross-modal attention block output, inputting the mov-
ing 1mage feature map as a primary mnput mto a second
cross-modal attention block and inputting the fixed 1image
feature map as a cross-modal input 1nto the second cross-
modal attention block to generate a second cross-modal
attention block output, inputting the first cross-modal atten-
tion block output into a common convolution layer to
generate a first cross-modal attention convolution output,
inputting the second cross-modal attention block output into
the common convolution layer to generate a second cross-
modal attention convolution output, and performing ele-
ment-wise addition on the first cross-modal attention con-
volution output and the second cross-modal attention
convolution output to generate the cross-modal feature
attention data.

In some embodiments, each of the first cross-modal
attention block and the second cross-modal attention block
are configured to perform a first matrix multiplication of the
primary input and the cross-modal mput to generate a first
matrix output, perform a second matrix multiplication of the
primary mput and the first matrix output to generate a second
matrix output, and perform a concatenation of the cross-
modal mput and the second matrix output to generate the
respective cross-modal attention block output.

In some embodiments, the concatenation includes a plu-
rality of channels, and features of the fixed image feature
map are arranged 1n a first half of the plurality of channels
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and features of the moving image feature map are arranged
in a last half of the plurality of channels.

In some embodiments, the deep registrator 1s configured
to perform rigid deep registration on the cross-modal feature
attention data to generate an estimated transformation data.
The deep registrator includes a rectified linear unit, two
convolution blocks, and three fully connected layers.

In some embodiments, the method further 1includes per-
forming a rigid registration implementation on the estimated
transformation data to generate the multi-modal registered
image.

In some embodiments, each of the first feature extractor
and the second feature extractor include two convolution
blocks.

In some embodiments, each convolution block includes a
convolution layer and a batch normalization and rectified
linear unit layer.

In some embodiments, the deep registrator 1s configured
to perform deformable deep registration on the cross-modal
feature attention data to generate a predicted deformation
field. The deep registrator includes a rectified linear unit, a
first convolution block, a second convolution block, and a
convolution layer.

In some embodiments, each of the first feature extractor
and the second feature extractor include a first convolution
block, a second convolution block, and a third convolution
block. Performing the deep registration further includes
performing a first channel-wise concatenation of the outputs
of the third convolution blocks of the first feature extractor
and the second feature extractor, mnputting the output of the
first channel-wise concatenation through a first intermediate
convolution layer, and performing a second channel-wise
concatenation of the outputs of the first intermediate con-
volution layer and the rectified linear unit of the deep
registrator.

In some embodiments, performing the deep registration
turther includes performing a third channel-wise concatena-
tion of the outputs of the second convolution blocks of the
first feature extractor and the second feature extractor,
inputting the output of the third channel-wise concatenation
through a second intermediate convolution layer, and per-
forming a fourth channel-wise concatenation of the outputs
of the second intermediate convolution layer and the first
convolution block of the deep registrator.

In some embodiments, each convolution block includes a
first convolution layer, a first batch normalization and rec-
tified linear umit layer, a second convolution layer, and a
second batch normalization and rectified linear unit layer.

In some embodiments, the method further includes per-
forming a deformable registration implementation on the
predicted deformation field to generate the multi-modal
registered 1image.

According to another embodiment of the present technol-
ogy, a method of multi-modal multi-dimensional 1mage
registration 1s provided. The method includes receiving as
input a first 2D ultrasound i1mage; receiving as input a
reconstructed 3D ultrasound volumetric image; generating a
tused feature map based on the 2D ultrasound 1image and the
3D ultrasound volume; processing the fused feature map 1n
a spatial transformation network (“STN”) to train an end-
to-end multi-dimensional 1image registration; receiving as
input 1n real-time a second 2D ultrasound 1mage; receiving
as mput a 3D magnetic resonance 1imaging (“MRI”) volu-
metric image; and aligning, via the end-to-end multi-dimen-
sional image registration, the second 2D ultrasound 1mage 1n
real-time to the 3D MRI volumetric image to output a
multi-modal multi-dimensional 1mage registration.
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In some embodiments, generating the fused feature map
includes extracting a first plurality of low-level features
from the first 2D ultrasound image via a plurality of 2D
convolutional layers, extracting a second plurality of low-
level teatures from the 3D ultrasound volumetric 1mage via
a plurality of 3D convolutional layers, and concatenating the
first plurality of low-level features with the second plurality
ol low-level features 1n a late-fusion fashion.

In some embodiments, the STN 1ncludes a localization
network, a grid generator, and an i1mage sampler. The
localization network 1s configured to determine the spatial
relationships between the fused features of the first 2D
ultrasound 1image and the 3D ultrasound volumetric image of
the fused feature map. The grnid generator 1s configured to
generate a transformed sampling grid. The image sampler 1s
configured to sample a target 2D plane from the 3D ultra-
sound volumetric image.

In some embodiments, the end-to-end multi-dimensional
image registration 1s trained without the use of 1mage
tracking information.

Further objects, aspects, features, and embodiments of the
present technology will be apparent from the drawing Fig-
ures and below description.

BRIEF DESCRIPTION OF DRAWINGS

Some embodiments of the present technology are illus-
trated as an example and are not limited by the figures of the
accompanying drawings, in which like references may 1ndi-
cate similar elements.

FIG. 1 1s a flowchart schematic view of a multi-modal
image registration network according to an exemplary
embodiment of the present technology.

FIG. 2 1s a flowchart schematic view of an exemplary
cross-modal attention block of the registration network of
FIG. 1.

FIG. 3 1s a flowchart schematic of a contrastive pre-
training process for pre-training the feature extraction mod-
ule of the registration network of FIG. 1.

FIG. 4 1s a flowchart schematic view of a multi-modal
image registration network according to an exemplary
embodiment of the present technology.

FIG. 5 1s a schematic illustrating the Surface Registration
Error (“SRE”) calculation used in embodiments of the
present technology.

FIG. 6 shows images of registration results from an
exemplary 1image registration method of the present tech-
nology.

FIG. 7 1s a flowchart schematic view of an end-to-end
multi-dimensional 1mage registration network according to
an exemplary embodiment of the present technology.

FIG. 8 shows exemplary sampling plane cutting moving,
images before and after the end-to-end 1mage registration
network of FIG. 7.

FIG. 9 1s a flowchart schematic view of a multi-modal
multi-dimensional 1image registration network according to
an exemplary embodiment of the present technology.

DETAILED DESCRIPTION

As shown 1 FIG. 1, a method of multi-modal image
registration according to an exemplary embodiment of the
present technology 1s generally designated by the numeral
100. The method 100 includes a fixed image 102 received
from a first imaging device and a moving image 104
received from a second imaging device. In some embodi-
ments, the first imaging device 1s an MRI device, and the
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fixed image 1s an MRI volume of a subject imaged by the
MRI device. In some embodiments, the second 1maging
device 1s an ultrasound device, and the moving 1mage 1s a
transrectal ultrasound (“TRUS”) volume of the subject. A
first feature extractor 106 performs feature extraction on the
fixed 1image 102 to generate a fixed image feature map. A
second feature extractor 108 performs feature extraction on
the moving 1image 104 to generate a moving image feature
map. Each of the first and second feature extractors 106, 108
include convolution blocks 110 and 2X2X2 max pooling
layers 112.

The fixed and moving 1image feature maps are input to a
cross-modal attention module 114 that 1s configured to
generate cross-modal feature attention data. The cross-
modal attention module 114 includes a first cross-modal
attention block 116 and a second cross-modal attention
block 118, the outputs of which are mput into a common
convolution layer 120 and are then combined via an ele-
ment-wise addition layer 122. The first cross-modal atten-
tion block 116 receives the fixed image feature map as
primary 1nput P and receives the moving image feature map
as cross-modal mput C. The second cross-modal attention
block 118 receives the moving image feature map as primary
input P and receives the fixed 1image feature map as cross-
modal mput C. As shown 1n FIG. 2, each of the first and
second cross-modal attention blocks 116, 118 are configured
to perform a first matrix multiplication of the respective
primary input P and the respective cross-modal input C to
generate a first matrix output, perform a second matrix
multiplication of the respective primary input P and the first
matrix output to generate a second matrix output, and
perform a concatenation of the respective cross-modal input
C and the second matrix output to generate the respective
cross-modal attention block output.

As shown 1n FIG. 1, the cross-modal feature attention data
1s 1nput to a deep registrator 124 that 1s configured to
perform rigid deep registration on the cross-modal attention
data to generate estimated transformation data. The deep
registrator 124 includes a rectified linear unit (“Rel.U”) 125,
two convolution blocks 110, and three fully connected layers
126. The method 100 includes performing a rigid registra-
tion 1implementation 128 on the estimated transformation
data to generate a multi-modal registered 1mage. In the
embodiment shown 1n FIG. 1, each convolution block 110
includes a convolution layer and a batch normalization and
Rel.U layer.

In some embodiments of method 100, an MRI volume 1s
the fixed 1image and a TRUS volume 1s the moving 1image.
The registration network consists of three main parts, as
shown 1n FIG. 1. The feature extractor uses convolutional
and max pooling layers to capture regional features from the
input volumes. Then a cross-modal attention module 1s used
to capture both local features and their global correspon-
dence between modalities. Finally, this information 1s fed to
the deep registrator, which further fuses mformation from
the two modalities and infers the registration parameters.

The feature extraction module of the network 1s designed
to extract high-level features that overcome the difference
between modalities. Due to texture and intensity differences,
two different feature extractors are used for each branch of
input. For each branch, the input goes through 1terations of
convolution layer+normalization+RelLU and down-sam-
pling.

The cross-modal attention block takes as input image
features extracted from MR and TRUS volumes by the
preceding convolutional layers. Unlike the prior art non-
local block that computes self-attention on a single 1mage,
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the cross-modal attention block of the present technology
establishes spatial correspondences between features from
two 1mages in different modalities. FIG. 2 shows the 1nner
structure of the cross-modal attention block.

The two 1mput features maps of the block are denoted as

primary input Pe R W #xchannel qnd cross-modal input Ce
R &W Hxchannel regnectively, where LW H indicates the size

of each 3D feature channel after flattening. The block
computes the cross-modal feature attention as

exp (0(c,) ¢(p)) (D

Iy =
Y exp (0en” d(pw)

k=1

and the attention weighted primary 1nput as

yz':zjzl EW Hﬂzjg » j) (2)

where ¢; and p; are features from C and P at location 1 and
1, 9(*), 0(*), and g(*) are all linear embedding. In Eq. (1), the
attention a;; 1s computed as a scalar representing correlations
between the features of these two locations, ¢, and p,. The
attention weighted result y, 1S a normalized summary of
features on all locations of P weighted by their correlations
with the cross-modal feature on location 1 as shown 1n Eq.
(2). Thus, the matrix Y composed by y. integrates non-local
information from P to every position in C.

Finally, the attention block concatenates Y and C to obtain
the output Z to allow efficient back-propagation and prevent
potenfial loss of information. Preferably, the ordering of
concatenation 1s arranged so that features based on MR are
always 1n the first half channels of Z, and those from TRUS
are always 1n the second half, thus ensuring that a common

convolution layer can be used for the output of both attention
blocks.

The cross-modal attention module uses the features
extracted by the previous feature extraction module to
compute the attention. In the early phase of the training, the
extracted features may be irrelevant to the image registration
task and thus the computed attention may not be correlated
with the registration. The overall training can be highly
inefficient. To address this 1ssue, some embodiments of the
present technology use a conftrastive learning-based pre-
training strategy that enforces the feature extractor module
of the registration network to learn similar feature represen-
tations from corresponding anatomical regions from two
modalities before the end-to-end training of the entire net-
work.

FIG. 3 shows the contrastive learning-based pre-training
process used in exemplary embodiments of the present
technology. The ground-truth rigid registration between the
MR and the TRUS 1mages 1s provided. When the two images
are aligned with the ground-truth transformation, i1mage
contents found at the same location in each of the volumes
should represent similar anatomical structures. In principle,
similar anatomical structures should produce similar feature
vectors. Therefore, image contents found at the same loca-
tion 1n each volume should produce similar feature vectors.
Since aligned image volumes automatically produce aligned
feature maps, the conftrastive pre-training process aims to
maximize the similarity between the feature vectors at the
same location i1n each feature maps and minimize the
similarity between feature vectors at different locations.

After the two aligned feature maps are obtained, the
feature vectors are normalized using the L2-norm, and K
pairs of corresponding points from the two feature maps are

randomly selected. During the selection process, feature
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vectors that are outside of the fan-shaped field-of-view 1n the
original ultrasound 1mage are avoided. The selected feature
vectors form two KX32 matrices, one for MR and the other
for US, where 32 1s the length of each feature vector. The
two matrices are then multiplied to obtain a KXK cosine
similarity map M. Since the feature maps are aligned, the
task 1s to maximize the diagonal of M, and to minimize all
other elements. Suppose each row of M represents the

similarities between one MR feature vector and all TRUS
features, and each column represents similarities between
one TRUS feature vector and all MR features. For the MR
feature at location 1, Eq. (4) will force it to be close to the
TRUS feature at the same location 1 and to be different from
the TRUS features at other positions. Similarly, Eq. (5)
imposes such a constrain on the TRUS feature at location 1.

Iterating this loss across all rows and columns of M may
be summarized with Eq. (3) below,

(3)

RS

Lﬂﬂnﬁ"asa‘fve — YK me(f) + L::'ﬂfumn (I)

i=0)

where
. exp (M;;) (4)
LF*“GW(I) — _lﬂg -1
D i X (M)
and
exXp (M; ;) (5)

L cotumn () = =10

T e i
In the row-wise and column-wise losses, L. (1yand L.__,
(1), the numerators are the diagonal components {M, ;, 1=[0,
K—1]}. Minimizing the combined contrastive loss will help
achieve the effect of maximizing the correlation at the
corresponding locations M, ; and minimizing the correlation
M, ;, (1#]) between patches from misaligned locations.

The deep registration module fuses the concatenated
outputs of the two cross-modal attention blocks and predicts
the transformation parameters for registration. Prior art
methods have used very deep neural networks to automati-
cally learn the complex features of inputs. However, since
the cross-modal attention blocks of the present technology
establish the spatial correspondence between the two sets of
input volumes, the registration module can afford to be light
weighted. Thus, only three convolutional layers are used to
fuse the two feature maps. The final fully connected layers
convert the learnt spatial information into an estimated
transformation.

Some embodiments formulate the method as a ngid
transformation task since 1t 1s one of the most commonly
used registration forms 1n clinical practice for image-guided
prostate intervention. The ground-truth registration labels
used herein are acquired from the clinical procedures of
image-fusion guided prostate biopsy. Rigid transformations
herein are performed with 4x4 matrices generated from 6
transformation parameters 9={At_, At,, At, Aa,, Aa, Aa,
which represent translations and rotations along the x, y, and
z directions, respectively. The network training 1s supervised
by calculating the Mean Squared Error (“MSE”) between
the prediction and the ground-truth parameters. In some
embodiments, the feature extraction module 1s pre-trained as
described above. The pre-trained module i1s then frozen to
tune the rest of the network. After 300 epochs, the entire
network 1s relaxed for fine-tuning.

As shown 1n FIG. 4, a method of multi-modal 1image
registration according to another exemplary embodiment of
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the present technology 1s generally designated by the
numeral 200. The method 200 includes a fixed image 202
received from a first 1imaging device and a moving 1mage
204 received from a second imaging device. In some
embodiments, the first imaging device 1s an MRI device, and
the fixed 1mage 1s an MRI volume of a subject imaged by the
MRI device. In some embodiments, the second 1maging
device 1s an ultrasound device, and the moving 1mage is a
TRUS volume of the subject. A first feature extractor 206
performs feature extraction on the fixed image 202 to
generate a fixed image feature map. A second feature extrac-
tor 208 performs feature extraction on the moving i1mage
204 to generate a moving 1image feature map. Each of the
first and second feature extractors 206, 208 include convo-
lution blocks 210 and 2X2X2 max pooling layers 212.

The fixed and moving image feature maps are 1input to the
cross-modal attention module 114 to generate cross-modal
feature attention data as discussed above regarding FIGS.
1-2 and method 100. As shown 1n FIG. 4, the cross-modal
feature attention data 1s input to a deep registrator 224 that
1s configured to perform deformable deep registration on the
cross-modal attention data to generate a predicted deforma-
tion field 228. The deep registrator 224 includes an Rel.LU
225, two convolution blocks 210, and a convolution layer
226. Each of the first and second feature extractors 206, 208
include three convolution blocks 210. The outputs of the
third convolution blocks 210 of the feature extractors 206,
208 are 1nput to a first channel-wise concatenation layer 230,
the output of which i1s input to a first intermediate convo-
lution layer 232, the output of which 1s input to a second
channel-wise concatenation layer 230 with the output of the
Rel.U of the deep registrator 224. The outputs of the second
convolution blocks 210 of the feature extractors 2006, 208 are
input to a third channel-wise concatenation layer 230, the
output of which 1s input to a second 1ntermediate convolu-
tion layer 232, the output of which 1s 1mput to a fourth
channel-wise concatenation layer 230 with the output of the
first convolution block 210 of the deep registrator 224. In
some embodiments, the deep registrator 224 includes 2Xx2x2
deconvolution and batch normalization and RelLU layers
234.

The method 200 includes performing a deformable reg-
istration implementation 236 on the predicted deformation
field 228 to generate a multi-modal registered 1mage. In the
embodiment shown 1n FIG. 4, each convolution block 210
includes a first convolution layer, a first batch normalization
and RelLU layer, a second convolution layer, and a second
batch normalization and Rel.U layer.

In some embodiments, the deformable registration mod-
ule up-samples the outputs of the two cross-modal attention
blocks into a full-size dense deformation field ¢. The pre-
dicted deformation field is then either applied to the moving
image for inference, or the segmentation of the moving
image for DICE supervision. Feature maps at different
resolutions from the feature encoder are passed as residual
connections to the registration decoder. Since two separate
feature extractors/encoders are used, the residual connec-
tions are twice as large as the up-sampled feature map. To
resolve this imbalance, the residual connections are first
reduced to the same channel size as the up-sampled decoder
feature maps with 1x1X1 convolution layers.

In some embodiments, method 200 1s formulated as a
deformable registration network and its performance evalu-
ated on the LLearn2Reg 2021 Abdomen CT-MR dataset. For
fair benchmarking, the registration network 1s implemented
within the Voxelmorph framework by replacing the U-Net
backbone with the registration network of the present tech-
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nology. Training 1s guided with DICE similanty loss and
encourages smoothness with a diffusion regularizer on the
spatial gradients of all displacements 1n the predicted defor-
mation field. The weights for the two losses are 1.0 for DICE
and 0.1 for smoothness for all experiments.

For training, the paired images from the training set and
the auxiliary unpaired images are used. Data anugmentation
was conducted by performing rotation (£5 degrees around
each axis), translation (£10 voxels 1n each direction), and
1sotropic scaling (£0.1) to both fixed and moving images.
For all experiments on this dataset, Adam optimizer with
learning rate of 1x10—4 for a maximum of 800 epochs was
used.

The MSE loss used for network training does not directly
describe the final registration quality. A clinically meaning-
ful metric should focus on the position and orientation of the
relevant organ. Therefore, the Surface Registration Error
(“SRE”) 1s used to evaluate the registration performance. Let
X denote an MR prostate segmentation mesh containing n
surface points X. Since the TRUS 1s treated as the moving
1mage, both the ground truth T, and the estimated transfor-
mation T, , register the TRUS to the MR. Thus, their

- - —1 —1
inverse transformations, T,  and T, ., ", are used to map

the MR segmentation X to the TRUS space. The SRE is then
formally defined as

| ) ) (6)
CRE = ;ZI_ZI HTgfl (x:) — Tprled(;ﬂ)ul

The SRE describes the Euclidean point-to-point distance
between the ground truth registered prostate and the predic-
tion registered prostate, as 1llustrated in FIG. 5. FIG. 6 shows
an exemplary test set to visualize the effect of registration
according to methods 100, 200. The contour of MR prostate
segmentation 1s labeled 140 and ultrasound segmentation 1s
labeled 142. The SRE of each scenario 1s shown at the
top-right corner of each image, and FIG. 6 shows that
misalignment intensifies as the corresponding SRE grows.

As shown 1n FIG. 7, a method of multi-modal multi-
dimensional 1mage registration according to another exem-

plary embodiment of the present technology 1s generally
designated by the numeral 300. The method 300 includes a
fixed 1mage 302 and a moving image 304. In some embodi-
ments, the fixed 1mage 1s a 2D TRUS frame of a subject
imaged by an ultrasound device, and the moving 1mage 1s a
reconstructed 3D TRUS volume of the subject. Low-level
features of the fixed image 302 are extracted via a plurality
of 2D convolution layers 306. Low-level features of the
moving 1mage 304 are extracted via a plurality of 3D
convolution layers 308. The low-level features of the fixed
image 302 are concatenated with the low-level features of
the moving 1image 304 1n a late-fusion fashion to generate a
fused feature map 310.

The fused feature map 310 1s processed 1n a spatial
transformation network (“STN”") 312 to train an end-to-end
multi-dimensional 1mage registration. The STN 312
includes a localization network 314, a grid generator 316,
and an image sampler 318. The localization network 314 is
configured to determine the spatial relationships between the
fused features of the fixed image 302 and the moving image
304 of the fused feature map 310. The grid generator 316 i1s
configured to generate a transformed sampling grid. The
image sampler 318 1s configured to sample a target 2D plane
from the 3D moving image 304.
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In some embodiments, the method 300 includes receiving
in real-time a second 2D ultrasound 1mage, and receiving a
3D MRI volumetric image of the subject obtained from a
MRI device. The second 2D ultrasound 1mage 1s aligned 1n
real-time to the 3D MRI volumetric image via the end-to-
end multi-dimensional 1mage registration to output a multi-
modal multi-dimensional 1mage registration. In some
embodiments, the end-to-end multi-dimensional image reg-
istration 1s trained without the use of 1image tracking infor-
mation.

Embodiments of the present technology, as shown 1n
FIGS. 7-9, are directed to systems and methods for regis-
tering or aligning 1mages 1n different dimensions (e.g. a 2D
image to a 3D volumetric 1image) of different modalities
using end-to-end machine learning-based techniques. The
present technology learns to extract the correspondence
information between 2D 1mages and 3D volumes to estimate
the relative transformation directly. This end-to-end
machine learning method enables building a system to
directly map a 2D 1mage of one modality to a 3D volume of
another modality. In some embodiments, the present tech-
nology utilizes 1mage information only, and thus does not
use external tracking devices.

In some embodiments, the method aligns a single 2D
image or a sequence of 2D 1mages to a 3D volumetric image
through deep learning-based image registration. With no
need for positioning information from tracking devices, the
system gets the 1mages registered using the 1mage informa-
tion solely. In the following apparatus description, the
registration of 2D ultrasound images with 3D ultrasound
volume 1s used to 1llustrate the technical details. It, however,
does not limit the application of the present technology to
ultrasound 1maging only.

FIG. 7 depicts a method for the end-to-end 2D/3D image
registration with a single pass according to an embodiment
of the present technology. The architecture takes a 2D
ultrasound frame and a 3D volume as the input for estimat-
ing the optimal sampling plane, cutting the 3D TRUS
volume at the registered location.

In some embodiments, the end-to-end 2DD/3D registration
framework defines the real-time 2D ultrasound 1mage frame
as the fixed image f, and the reconstructed 3D ultrasound
image volume as the moving 1mage m. A set of parameters
0 1s used to define a sampling plane, which 1s used to cut a
2D plane from the 3D volume. The goal of the 2D/3D
registration 1s to find to the optimal sampling plane defined
by 0. The left-side 1image of FIG. 8 shows an 1nitialized
sampling plane cutting moving 1image with default transfor-
mation. After the 2D/3D registration, the right-side image of
FIG. 8 shows the updated sampling plane cutting the 3D
image volume from a different position, where the cross-
sectional 1mage matches the 2D TRUS frame input.

In some embodiments, the deep neural network for the
registration task 1s built with a series of 2D convolutional
layers to extract the low-level features from the mput 2D
image and with 3D convolutions for the input 3D 1mage
volume. Such design extracts representative image features
from 1mages in different dimensions.

In some embodiments, the features extracted from the two
input branches are concatenated with each other 1n a late-
fusion fashion and serve as the input to the localization-net
for joint feature learning. The localization-net discovers the
spatial relationship between the input frame and volume
(e.g., finds the corresponding plane 0 1n 3D volume based on
the contents of 2D frame). The rigid registration 1s used to
1llustrate the present technology for simplicity without loss
of generality. There 1s no technical limitation of applying the
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present technology to non-rigid or deformable registration.
In this exemplary embodiment, the localization-net’s output
O contains 6 degrees of freedom {t_,t,t, O, o, O}, which

.-
refer to the translations and rotationg along three axes.

In some embodiments, based on the localization-net’s
estimation O, the customized affine grid generator generates
a transformed sampling grid 7 ,(G). Together with the
resampler component, the present technology samples a
target 2D plane from the 3D input volume. This neural
network predicted target plane 1s the result of the 2D/3D
registration framework, and preferably contains the same
information as the input 2D frame.

In some embodiments, the end-to-end training uses an
unsupervised image similarity loss L, . which computes the
similarity metric between the network predicted plane and
the 2D frame input. This loss function can be implemented
as the normalized cross-correlation loss, for example. In
some embodiments, the backpropagation of this similarity
loss 1s made possible by the characteristics of the spatial
transformer network (“STN").

In embodiments having positioning information corre-
sponding to each frame, the present technology additionally
absorbs an auxiliary supervised loss L,,c., which 1s the
mean squared error loss between the localization-net’s out-
put 6 and the ground truth positioning information 6_,.

Preferably, the 2D/3D 1mage registration framework of
the present technology 1s trained 1n an unsupervised manner,
where no tracking information 1s needed. However, for data
samples provided with tracking information, the present
technology adds an auxiliary supervised loss to further
improve the network’s robustness.

In some embodiments, the 2D/3D 1mage registration
network 1s integrated 1nto an 1image registration framework
to further enable an end-to-end multi-modal multi-dimen-
sional 1mage registration workilow. FIG. 9 shows a process,
according to embodiments of the present technology, for
reconstructing 3D ultrasound volumes without tracking
devices and aligning 3D TRUS volume with 3D pre-opera-
tive MRI volume. In some embodiments, the system auto-
matically aligns the 3D TRUS volume with the 3D pre-
operative  MRI volume. In some embodiments, after
establishing the correspondence between the real-time 2D
TRUS frames and the reconstructed 3D TRUS volume, a
transformation chain i1s formed to link the 2D TRUS frames
to the 3D MRI volume. Upon this step, embodiments of the
present technology build a system to directly map a 2D
image of one modality to a 3D volume of another modality,
thus achieving a multi-modal multi-dimensional 1mage reg-
1stration.

In some embodiments, the alignment between 3D TRUS
with 3D pre-operative MRI 1s performed with a deep neural
network with cross-modal attention modules as described
above regarding registration networks and methods 100,
200. In some embodiments, the above mentioned cross-
modal attention network 1s accompanied by the contrastive
pre-training method described above.

In some embodiments, the method includes a modifica-
tion of the STN, which realizes the end-to-end 2D/3D 1mage
registration through the combination of three components:
1) a localization network predicting the transformation
parameters according to the mput fixed and moving image
pair, 2) a grid generator creating a sampling grid using the
predicted transformation parameters, and 3) a sampler pro-
ducing the wrapped image by resampling the moving 1image
at each point location defined in the sampling grid. These
three components are discussed 1n more detail below.
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In some embodiments, the localization network quantita-
tively estimates the transformation from the fixed image
coordinates to the moving 1mage coordinates according to
their image information. Therefore, 1t 1s naturally designed
as a regression network, taking input as the fixed/moving
image pair and outputting the transformation parameters.
The network architecture can take any form of convolutional
neural networks, but the last layer 1s preferably a regression
layer (e.g., sigmoid layer) with N output nodes, representing
the N parameters of the transform matrix. Embodiments of
the present technology use a 2D convolutional neural net-
work as the localization network to regress N=6 parameters
describing a 3D affine transform from the fixed image space
to the moving 1mage space.

In some embodiments, a sampling grid with the same size
of the fixed 1image 1s defined to wrap the moving 1image to
the fixed image space by the predicted afline transform. Each
element in the sampling grid represents a wrapped 1mage
pixel, whose sampling location in the moving 1mage space
can be calculated by the following coordinate transform:

(7

] EA X!
X / G011 G2 s Oh4 /
Vi | = M3xa z: =|0n On On tall",
Z | f 31 B3 3 By 35'11-

where (X, v/, z/) and (X, v,°, z,°) are the coordinates of the
1-th pixel in the wrapped image and the corresponding
sampling location 1n the moving 1image, respectively. The 12
elements of the affine matrix M,,, are predicted by the
localization network discussed above.

In some embodiments, the intensity at a particular pixel in
the wrapped 1mage 1s determined by applying bilinear
interpolation at each point location defined by the sampling
gird, giving the following equation:

[}=Y Py, 1% "I, s.max(0,1—lx/—wl)-max(0,1—ly —

hl)-max(0,1—lz°—dl) (8)

where [/ denotes interpolated intensity at the i-th pixel of the
wrapped 1mage, and [, ° 1s the intensity at location (w, h,
d) of the moving image, whose size 1s WXHXD. Based on the
above equation, embodiments of the technology define the
sub-gradients at each wrapped image pixel value [/ with
respect to the sampling coordinates (X, y;°, z;°) as follows:

J 9)

I’
0]
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where
0, if |x; —w| =1, (10)
f(x?):{ 1, if |x; —w| <1 and x; =w
-1, if |x; —w| <1 and x; >w

For brevity, only the partial derivative of

a1
0x;

1s shown. The partial derivatives
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Through the partial derivative, the loss gradients are back-
propagated to the sampling grid coordinates, and further-
more, to the affine transformation parameters and the local-
1zation network. This makes the enfire pipeline of the STN
differentiable and trainable in an end-to-end manner.

Embodiments of the operations described herein may be
implemented in a computer-readable storage device having
stored thereon instructions that when executed by one or
more processors perform the methods. The processor may
include, for example, a processing unit and/or program-
mable circuitry. The storage device may include a machine
readable storage device including any type of tangible,
non-transitory storage device, for example, any type of disk
including floppy disks, optical disks, compact disk read-only
memories (“CD-ROMs™), compact disk rewritables (“*CD-
RWs™), and magneto-optical disks, semiconductor devices
such as read-only memories (“ROMSs™), random access
memories (“RAMSs”) such as dynamic and static RAMs,
erasable programmable read-only memories (“EPROMSs”),
electrically erasable programmable read-only memories
(“EEPROMSs”), flash memories, magnetic or optical cards,
or any type of storage devices suitable for storing electronic
instructions. The processor and/or storage device may be
included 1n or 1n communication with the imaging devices,
such as an MRI device and an ultrasound device, such that
the registration networks associated with methods 100, 200,
300 form registration systems.

As will be apparent to those skilled in the art, various
modifications, adaptations, and variations of the foregoing
specific disclosure can be made without departing from the
scope of the technology claimed herein. The various features
and elements of the technology described herein may be

combined in a manner different than the specific examples
described or claimed herein without departing from the
scope ol the technology. In other words, any element or
feature may be combined with any other element or feature
in different embodiments, unless there 1s an obvious or
inherent incompatibility between the two, or it 1s specifically
excluded.

References 1n the specification to “one embodiment,” “an
embodiment,” etc., indicate that the embodiment described
may 1nclude a particular aspect, feature, structure, or char-
acteristic, but not every embodiment necessarily includes
that aspect, feature, structure, or characteristic. Moreover,
such phrases may, but do not necessarily, refer to the same
embodiment referred to in other portions of the specifica-
tion. Further, when a particular aspect, feature, structure, or
characteristic 1s described 1n connection with an embodi-
ment, 1t 1s within the knowledge of one skilled in the art to
affect or connect such aspect, feature, structure, or charac-
teristic with other embodiments, whether or not explicitly

described.
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The singular forms *“a,” “an,” and “the” include plural
reference unless the context clearly dictates otherwise. Thus,
for example, a reference to “a plant” includes a plurality of
such plants. It 1s further noted that the claims may be drafted
to exclude any optional element. As such, this statement 1s
intended to serve as antecedent basis for the use of exclusive
terminology, such as “solely,” “only,” and the like, 1n
connection with the recitation of claim elements or use of a
“negative” limitation. The terms “preferably,” “preferred,”
“prefer,” “optionally,” “may,” and similar terms are used to
indicate that an i1tem, condition, or step being referred to 1s
an optional (not required) feature of the technology.

The term “and/or” means any one of the items, any
combination of the items, or all of the 1items with which this
term 1s associated. The phrase “one or more” 1s readily
understood by one of skill in the art, particularly when read
in context of its usage.

Each numerical or measured value 1n this specification 1s
modified by the term “about.” The term “about” can refer to
a variation of 5%, £10%, +20%, or =25% of the value
specified. For example, “about 50” percent can in some
embodiments carry a vanation from 45 to 55 percent. For
integer ranges, the term “about” can include one or two
integers greater than and/or less than a recited integer at each
end of the range. Unless indicated otherwise herein, the term
“about” 1s intended to include values and ranges proximate
to the recited range that are equivalent in terms of the
functionality of the composition, or the embodiment.

As will be understood by one skilled in the art, for any and
all purposes, particularly in terms of providing a written
description, all ranges recited herein also encompass any and
all possible sub-ranges and combinations of sub-ranges
thereof, as well as the individual values making up the range,
particularly integer values. A recited range (e.g., weight
percents of carbon groups) includes each specific value,
integer, decimal, or idenfity within the range. Any listed
range can be easily recognized as sufliciently describing and
enabling the same range being broken down into at least
equal halves, thirds, quarters, fifths, or tenths. As a non-
limiting example, each range discussed herein can be readily

broken down into a lower third, middle third, and upper
third, etc.

As will also be understood by one skilled 1n the art, all
language such as “up to,” “at least,” “greater than,” “less
than,” “more than,” “or more,” and the like, include the
number recited and such terms refer to ranges that can be
subsequently broken down into sub-ranges as discussed
above. In the same manner, all ratios recited herein also
include all sub-ratios falling within the broader ratio.
Accordingly, specific values recited for radicals, substitu-
ents, and ranges, are for 1illustration only; they do not
exclude other defined values or other values within defined
ranges for radicals and substituents.

One skilled in the art will also readily recognize that
where members are grouped together 1n a common manner,
such as 1n a Markush group, the technology encompasses not
only the entire group listed as a whole, but each member of
the group individually and all possible subgroups of the
main group. Additionally, for all purposes, the technology
encompasses not only the main group, but also the main
group absent one or more of the group members. The
technology therefore envisages the explicit exclusion of any
one or more of members of a recited group. Accordingly,
provisos may apply to any of the disclosed categories or
embodiments whereby any one or more of the recited
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clements, species, or embodiments, may be excluded from
such categories or embodiments, for example, as used 1n an
explicit negative limitation.

What 1s claimed 1s:

1. A method of multi-modal i1mage registration, the
method comprising:

receiving as input a fixed image from a {first 1imaging

device;

receiving as mput a moving image from a second 1imaging

device;
performing feature extraction on the fixed image via a first
feature extractor to generate a fixed image feature map;

performing feature extraction on the moving image via
second feature extractor to generate a moving i1mage
feature map;
performing cross-modal attention on the fixed image
feature map and the moving image feature map to
generate cross-modal feature attention data;

performing deep registration on the cross-modal feature
attention data via a deep registrator; and
outputting a multi-modal registered 1image.
2. The method of claim 1, wherein the first imaging device
1s a magnetic resonance 1imaging (“MRI”) device, and the
fixed 1image 1s an MRI volume of a subject.
3. The method of claim 1, wherein the second imaging,
device 1s an ultrasound device, and the moving 1mage 1s a
transrectal ultrasound volume of a subject.
4. The method of claim 1, wherein performing the cross-
modal attention comprises:
inputting the fixed image feature map as a primary input
into a first cross-modal attention block and inputting
the moving 1image feature map as a cross-modal input
into the first cross-modal attention block to generate a
first cross-modal attention block output;
inputting the moving image feature map as a primary
mput mto a second cross-modal attention block and
inputting the fixed image feature map as a cross-modal
input mto the second cross-modal attention block to
generate a second cross-modal attention block output;

inputting the first cross-modal attention block output 1nto
a common convolution layer to generate a first cross-
modal attention convolution output;
inputting the second cross-modal attention block output
into the common convolution layer to generate a sec-
ond cross-modal attention convolution output; and

performing element-wise addition on the first cross-modal
attention convolution output and the second cross-
modal attention convolution output to generate the
cross-modal feature attention data.

5. The method of claim 4, wherein each of the first
cross-modal attention block and the second cross-modal
attention block are configured to perform a first matrix
multiplication of the primary iput and the cross-modal
input to generate a first matrix output, perform a second
matrix multiplication of the primary mput and the first
matrix output to generate a second matrix output, and
perform a concatenation of the cross-modal input and the
second matrix output to generate the respective cross-modal
attention block output.
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6. The method of claim 5, wherein the concatenation
comprises a plurality of channels, and features of the fixed
image feature map are arranged in a first half of the plurality
of channels and features of the moving 1mage feature map
are arranged 1n a last half of the plurality of channels.

7. The method of claim 1, wherein the deep registrator 1s
configured to perform rigid deep registration on the cross-
modal feature attention data to generate an estimated trans-
formation data, the deep registrator comprising a rectified
linear unit, two convolution blocks, and three fully con-
nected layers.

8. The method of claim 7, further comprising performing,
a rigid registration implementation on the estimated trans-
formation data to generate the multi-modal registered 1mage.

9. The method of claim 7, wherein each of the first feature
extractor and the second feature extractor comprise two
convolution blocks.

10. The method of claim 9, wherein each convolution
block comprises a convolution layer and a batch normaliza-
tion and rectified linear unit layer.

11. The method of claim 1, wherein the deep registrator 1s
configured to perform deformable deep registration on the
cross-modal feature attention data to generate a predicted
deformation field, the deep registrator comprising a rectified
linear unit, a first convolution block, a second convolution
block, and a convolution layer.

12. The method of claim 11, wherein each of the first
feature extractor and the second feature extractor comprise
a first convolution block, a second convolution block, and a
third convolution block, and wherein performing the deep
registration further comprises:

performing a first channel-wise concatenation of the out-

puts of the third convolution blocks of the first feature
extractor and the second feature extractor;
inputting the output of the first channel-wise concatena-
tion through a first intermediate convolution layer; and

performing a second channel-wise concatenation of the
outputs of the first intermediate convolution layer and
the rectified linear unit of the deep registrator.
13. The method of claim 12, wherein performing the deep
registration further comprises:
performing a third channel-wise concatenation of the
outputs of the second convolution blocks of the first
feature extractor and the second feature extractor;

inputting the output of the third channel-wise concatena-
tion through a second intermediate convolution layer;
and

performing a fourth channel-wise concatenation of the

outputs of the second intermediate convolution layer
and the first convolution block of the deep registrator.

14. The method of claim 12, wherein each convolution
block comprises a first convolution layer, a first batch
normalization and rectified linear unit layer, a second con-
volution layer, and a second batch normalization and recti-
fied linear unit layer.

15. The method of claim 11, further comprising perform-
ing a deformable registration implementation on the pre-
dicted deformation field to generate the multi-modal regis-
tered 1mage.
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